Abstract. Diffusion tensor imaging (DTI) is important for characterizing the structure of white matter fiber bundles as well as detailed tissue properties along these fiber bundles in vivo. There has been extensive interest in the analysis of diffusion properties measured along fiber tracts as a function of age, diagnostic status, and gender, while controlling for other clinical variables. However, the existing methods have several limitations including the independent analysis of diffusion properties, a lack of method for accounting for multiple covariates, and a lack of formal statistical inference, such as estimation theory and hypothesis testing. This paper presents a statistical framework, called VCMTS, to specifically address these limitations. The VCMTS framework consists of four integrated components: a varying coefficient model for characterizing the association between fiber bundle diffusion properties and a set of covariates, the local polynomial kernel method for estimating smoothed multiple diffusion properties along individual fiber bundles, global and local test statistics for testing hypotheses of interest along fiber tracts, and a resampling method for approximating the p−value of the global test statistic. The proposed methodology is applied to characterizing the development of four diffusion properties along the splenium and genu of the corpus callosum tract in a study of neurodevelopment in healthy rhesus monkeys. Significant time effects on the four diffusion properties were found.
Introduction
In the existing literature, there are three major approaches to the group analysis of diffusion imaging data including region-of-interest (ROI) analysis, voxelwise analysis, and fiber tract based analysis [1] , [2] , [3] . The region-of-interest (ROI) method primarily computes averages diffusion properties in some manually drawn ROIs, generates various summary statistics per ROI, and then carries out statistical analysis on these summary statistics [3] . ROI analysis suffers from identifying meaningful ROIs, particularly the long curved structures common in fiber tracts, the instability of statistical results obtained from ROI analysis, and the partial volume effect in relative large ROIs.
Compared with the other two methods, voxel-wise analysis has been widely used in neuroimaging studies [4] . The voxel-wise analysis involves two sequential steps. The first step is to fit a statistical model to diffusion properties at each voxel and generating a parametric map of test statistics (or p−values). The second step includes a correction to the multiple comparisons across the many voxels of imaging volume [5] . However, the voxel-wise analysis suffers from the issues of misalignment and arbitrary smoothing extent [6] , [7] . As pointed out in [7] , the final statistical results of voxel-wise analysis can strongly depend on the amount of smoothing applied to the diffusion tensor imaging data.
The third method is to develop fiber tract based analysis of diffusion properties, such as eigenvalues and fractional anisotropy (FA) values [1] , [2] , [8] , [9] . In [1] , a tract-based spatial statistics framework is proposed to carry out a pointwise analysis along the white matter skeleton. In [8] , a model-based framework is developed for the analysis of diffusion properties on the medial manifolds of fiber tracts followed by testing pointwise hypotheses on the medial manifolds. In [9] , a functional principal component analysis (PCA) is used to compare a univariate diffusion property, such as fractional anisotropy, across two (or more) populations for a single hypothesis test per tract [9] . Furthermore, in [10] , a constrained PCA method is proposed to fit age-related changes white matter diffusion of fiber tracts. The functional and constrained PCA methods suffer from the issues of the independent analysis of diffusion properties, a lack of method for accounting for multiple covariates, and a lack of formal statistical inference, such as estimation theory and hypothesis testing. In [11] , a functional regression framework, called FRATS, is proposed for the analysis of multiple diffusion properties along fiber bundle as functions and their association with a set of covariates of interest in real applications.
The goal of this paper is to develop a multivariate varying coefficient model framework, called VCMTS, to completely address the issues of the functional and constrained PCA. Compared with the existing literature including [10] , [11] , and [9] , we have made several novel contributions. We develop a multivariate varying coefficient model to statistically characterize the association between multiple fiber bundle diffusion properties and a set of covariates of interest. We use the local polynomial kernel method to regularize multiple diffusion properties along individual fiber bundles. We propose both local and global test statistics for testing hypothesis of interest along and on fiber tracts. We approximate the p−value of the global test statistic using a resampling method.
Method
A schematic overview of VCMTS is given in Figure 1 . We have proven that each component of VCMTS is statistically sound under some mild conditions and the detailed proof can be found in [12] . The associated software for implementing VCMTS will be available in https://bios.unc.edu/∼hzhu/ and disseminated to imaging researchers through http://www.nitrc.org/. We describe each of these components in detail below.
Multivariate Varying Coefficient Model
We develop a multivariate varying coefficient model to characterize the relationship between multiple diffusion properties along fiber tracts and a set of covariates of interest, such as age, group status, and gender. For the i-th subject, we consider an m × 1 vector of diffusion properties, denoted by
T , and its associated arc length s j for the j-th location grid point on the fiber bundle for j = 1, · · · , n G and i = 1, · · · , n, where n G and n denote the numbers of grid points and subjects, respectively. We assume that
where
characterizes the association between fiber bundle diffusion properties and the covariates of interest x i . Model (1) is a multivariate varying coefficient model [13] . Let SP(μ, Σ) denote a stochastic process vector with mean function μ(t) and covariance function Σ(s, t). We assume that
T are independent, and η i (s) and i (s) are independent and identical copies of SP(0, Σ η ) and SP(0, Σ ), respectively. Moreover, i (s) and i (s ) are assumed to be independent and thus Σ (s, t) takes the form of Σ (s, s)1(s = t), where 1(·) is an indicator function. Finally, the covariance structure of y i (s), denoted by Σ y (s, t), takes the form of
As an illustration, in our clinical study on early rhesus monkey brain development, we are interested in studying the evolution of the three eigenvalues λ i of diffusion tensor (λ 1 ≥ λ 2 ≥ λ 3 ) along two selected fiber tracts in 24 healthy rhesus monkeys (Fig. 2 (a)-(c) ). See clinical data for details. We consider a model of λ 1 and λ (2,3) = (λ 2 + λ 3 )/2 along a specific tract as follows:
where λ i,k are the three eigenvalues the i-th subject for k = 1, 2, 3, and g i and age i denote gender and age, respectively. In this case, m = 2, B(s) = (β jk (s)) is a 2 × 4 matrix, and
T . It is trivial to extend model (2) to other nonlinear and nonparametric functions of age [13] .
To estimate the coefficient functions in B(s), we develop an adaptive local polynomial kernel smoothing technique [14] , whereas it is possible to use spline type of methods including B-spline and smoothing spline. Specifically, using Taylor's expansion, we can expand
We calculate a weighted least squares estimate of A k (s) as follows. Let K(·) be a kernel function, such as the Gaussian and uniform kernels [14] . For a fixed bandwidth h and each k, we estimate A k (s) by minimizing an objective function given by
is a rescaled kernel function. For each k, we pool the data from all n subjects and select an optimal bandwidth h nG,k , denoted byĥ (1) k,o , by minimizing the cross-validation score. Based onĥ (1) k,o , we can obtain an estimate of B k (s), denoted byB k,o (s).
Smoothing Individual Functions and Covariance Estimating
To simultaneously construct all individual functions η i,k (s), we also employ the local polynomial kernel smoothing technique [14] . Specifically, using Taylor's expansion, we can expand 
For each k, we pool the data from all n subjects and select the optimal bandwidth h nG,k , denoted byĥ (2) k,o , by minimizing the generalized cross-validation score. 
T . We construct a nonparametric estimator of the covariance matrix Σ (s, s) as follows.
To select the optimal bandwidth h (3) , denoted byĥ (3) o , we minimize the cross-validation score. Based onĥ (3) o , we can estimate Σ (s, s), denoted byΣ o (s, s).
Test Statistics and Resampling Method
In neuroimaging studies, most scientific questions require the comparison of fiber bundle diffusion properties along fiber bundles across two (or more) diagnostic groups and the assessment of the development of fiber bundle diffusion properties along time. 
. We test the null hypothesis H 0 : Cvec(B(s)) = b 0 (s) for all s using a global test statistic
where L 0 is the whole arc length of a specific fiber bundle. In order to use S n as a test statistic, we can show that S n has appropriate asymptotic distribution as n → ∞. We develop a resampling method (or wild bootstrap method) to approximate the p-value of S n . The key ideas are to fit model (1) under the null hypothesis H 0 , which yieldsB * o (s j ),η * i,o (s j ) and * i,o (s j ) for i = 1, · · · , n and j = 1, · · · , n G , and then to generate random samples from the fitted model in order to approximate the null distribution of S n .
Results
Clinical Data. Twenty four healthy rhesus monkeys (male and female included) at the Harlow Primate Laboratory with age between 10 to 72 months were scanned on a 3 Tesla GE scanner (SIGNA Excite) with a high-resolution 3DSPGR sequence (0.2344 × 0.2344 × 0.4980mm
3 ), a T2-weighted spin-echo sequence (0.2344 × 0.2344 × 1.5mm
3 ) and a 12-direction diffusion-weighted EPI sequence (0.5469×0.5469×2.5mm
3 ). After DTI estimation, a nonlinear fluid deformation based high-dimensional, unbiased atlas computation method was used to carry out a large deformation non-linear registration [15] . Detailed information regarding the DTI atlas building procedure has been described in [9] . Major fiber bundles are tracked in the atlas space within 3D Slicer (www.slicer.org). With the fiber bundles in atlas space, each subject's DTI data is transformed into the atlas space. For each subject at a given time point, the data within the fiber bundle is parameterized as a sampled function of equidistance steps along the fiber. The result of the procedure is thus a set of corresponding sampled functions, including FA, MD, etc. parameterized by arc length from the atlas fiber tract for each individual subject using invert of the atlas-building transformation. These sampled functions at each point along the fiber tract were then used to study the effect of age, gender and other covariates on neural development.
For the sake of space, we chose two tracts of interest including the splenium and genu of the corpus callosum tract and then computed fractional anistropy (FA), mean diffusivity (MD), and λ 1 and λ (2, 3) of diffusion tensors at each grid point on both tracts for each of the 24 monkeys. FA denotes the inhomogeneous extent of local barriers to water diffusion, while MD measures the averaged magnitude of local water diffusion. The three eigenvalues of diffusion tensor may, respectively, reflect the magnitude of water diffusivity along and perpendicular to the long axis of white matter fibers [16] .
We applied VCMTS to the joint analysis of λ 1 , λ (2, 3) , FA, and MD values along the splenium tract as follows. We fitted the functional linear model (2) to these four diffusion properties from all 24 subjects, in which x i = (1, g i , age i , age 2 i ) T and m = 2, and then we estimated the function of regression coefficient vector B(s). Secondly, we constructed the global test statistic S n to test the effects of all the age effect for each of the four diffusion properties, and performed hypothesis testing on the whole splenium and genu tracts. The p-value of S n was approximated using the resampling method with G = 10, 000.
We considered the genu tract and performed hypothesis testing on time effect for the whole tract. The p−values of S n corresponding to λ 1 , λ (2, 3) , FA, and MD equal 0.31, 0.19, 0.007, and 0.29, respectively. This indicates a significant change of the degrees of anisotropy, not the degree of diffusivity, along the genu tract. We further performed hypothesis testing at each grid point along the splenium tract (Figs. 2) . For λ 1 , λ (2, 3) , and MD, no significant effect of time effect was found, even though the − log 10 (p) values of S n (s) for age at several single grid points were slightly greater than 2 ( Fig. 2 (d) , (e), (g)). For FA alone, the effects of time were significant in the middle and tail of the genu tract ( Fig. 2 (f) ).
We considered the splenium tract and performed hypothesis testing on time effect for the whole tract. The p−values of S n corresponding to λ 1 , λ (2, 3) , FA, and MD equal 0.001, 0.002, 0.000, and 0.004, respectively. This indicates a significant change of the degrees of diffusivity and anisotropy, along the splenium tract. We further performed hypothesis testing at each grid point along the splenium tract ( Fig. 2 (h)-(k) ). For all diffusion properties, the effects of time were significant in most of grid points along the splenium tract ( Fig. 2 (h)-(k) ).
Discussion
We have developed VCMTS for statistically analyzing multiple diffusion properties along fiber bundle and assessing their association with a set of covariates in real applications. The proposed methodology is demonstrated in a study of neurodevelopment in rhesus monkey. Significant time effect on multiple diffusion properties were examined and localized in two representative tracts. VCMTS is able to delineate the complex inhomogeneous spatial-temporal maturation patterns as the apparent changes in FA, MD, and the eigenvalues of diffusion tensors. Specifically, our results suggest that white matter maturation patterns are different in different white matter regions. We expect that this novel statistical tool will lead to new findings in our clinical applications.
